We employ 1440 stocks listed in the S&P Composite 1500 Index of the NYSE. Three benchmark GARCH models are estimated for the returns of each individual stock under three alternative distributions (Normal, t and GED). We provide summary statistics for all the GARCH coefficients derived from 11520 regressions. The EGARCH model with GED errors emerges as the preferred choice for the individual stocks in the S&P 1500 universe when non-negativity and stationarity constraints in the conditional variance are imposed. 57% of the constraint's violations are taking place in the S&P small cap stocks.
Introduction
Over the past three decades GARCH models have become a cornerstone of financial econometrics; especially in modeling time series with leptokurtic observations and volatility clusters (Engle, 1982; Bollerslev, 1986) . The success of the ARCH/GARCH class of models at capturing these features is well documented (see for example, . However, Bollerslev et al. (1994) argue that a standard GARCH model with normally distributed errors is not sufficient for explaining these two stylized facts of financial time series. Consistent with this notion, Malmsten and Teräsvirta (2004) demonstrate that the latter can be improved by replacing the normal with more fat-tailed distributions. Of importance are also the necessary and sufficient conditions for the stationarity and non-negativity of the conditional variance (see e.g., Lindner, 2008; Teräsvirta, 2008) . More recently Ardia and Hoogerheide (2013) examined the cross-sectional distribution of GJR-GARCH-student model parameters over the constituents of the S&P500 index. They conclude that small cap stocks have higher volatility. 1 However, little is known about the expected values of the coefficients of alternative GARCH models. For instance, in many cases, initial values are required. Most researchers rely on crude estimates of GARCH parameters, usually summing to less than unity (i.e. α=0.15, β=0.8 , α + β ≺ 1).
We fill this gap by providing the average estimated values of the coefficients of the three benchmark GARCH models. We consider the most popular GARCH specifications; the GARCH(1, 1) (Bollerslev, 1986) , the EGARCH(1,1) (Nelson, 1991) and the GJR-GARCH(1,1) (Glosten et al., 1993) .
As the risk-return relation depends on the error distribution (Baillie and DeGennaro, 1990) , we examine three alternative distributions; the Gaussian normal (N), the Student's-t (t), and the Generalized Error Distribution (GED). Additionally, examining the stationarity and non-negativity constraints for various GARCH would enlighten our knowledge further on the extend to which the S&P 1500 stocks satisfy strictly stationarity conditions. We also aim to examine whether these are related to sectoral characteristics and/or to small cap stocks. This paper focuses on the summary statistics of the estimated coefficients of three benchmark GARCH models. The purpose of our study is threefold: (i) to compare three popular GARCH models in terms of statistical significance of their coefficients (ii) to provide descriptive analysis for the estimated GARCH coefficients for all common stocks in the S&P 1500 universe and (iii) examine the extent to which the benchmark GARCH models fulfill the non-negativity and stationarity constraints, under the three alternative distributions. We find that the EGARCH(1,1) model with GED errors is the best model for the daily financial returns of the S&P 1500 universe (in terms of satisfying both constraints). Once the two constraints are imposed the estimated coefficients show less dispersion. The stocks that did not satisfy the non-negativity and stationarity requirements tend to be drawn from the Technology and the Consumers Services sector.
The rest of the paper is organized as follows: section 2 presents the data, section 3 describes the econometric methodology, section 4 discusses the main results and the last one concludes.
Data
We use stock prices that have been constituents of the S&P1500 Composite Index continuously for the period January 2008 until December 2011. For all common stocks, we obtain 1043 daily closing prices (cumulative stock price accounting for dividend gains and splits) from Yahoo Finance (http://finance.yahoo.com/). Our sample consists of 1440 individual stocks; 485 from the S&P 500 Index, 382 from S&P MidCap 400 Index and 573 from the S&P SmallCap 600 Index. Log returns of each individual stock (r t ) are calculated as log differences. Returns are found stationary (i.e. I(0)) and leprokurtic. 2
Econometric specification
We follow the specification of Engle and Patton (2001) and the returns equation is specified as:
where ε t = z t h 1 /2 t , r t is the daily stock returns, h t is the conditional variance and c the constant term.
{z t } is a sequence of independent, iid random variables with zero means and unit variance. This
where d stand for the distribution (usually assumed normal but we also consider t and GED).
2 The unit root tests and the summary statistics of all series are available from the authors upon request.
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For the conditional variance equation three specifications were considered:
where Eq. (2) is the conditional variance equation of a GARCH(1,1) model (see Bollerslev, 1986) .
A sufficient condition for the conditional variance to be positive is ω > 0, α 0, β 0. In general, the GARCH(1, 1) process is weakly stationary if and only if α + β < 1. To capture the possibility of asymmetric effects of returns on volatility, we also consider the GJR-GARCH model, introduced
by Glosten et al. (1993) and the EGARCH model, proposed by Nelson (1991) , shown in equations (3) and (4), respectively. In GJR-GARCH, the indicator function is I t−1 = 1 if ε t−1 < 0 and 0 otherwise, while γ denotes the asymmetry factor (if γ > 0 the negative errors are leveraged). For stationarity, α + β + γ/2 < 1 needs to hold (see Engle et al., 2008) . Nelson (1991) examined the moments of the general infinite-order Exponential ARCH model. 3 Provided that all moments of {ε t } exist, all moments for the EGARCH(1, 1) process exist when β 2 < 1 is satisfied (γ < 0 for leverage effects). In Eq. (4) no parameter restrictions are necessary to ensure the non-negativity of
The three models are estimated using the quasi maximum likelihood estimation method (QMLE). 4 Nelson (1991) indicates that GED and N are the most preferable cases for GARCH models with the latter to be a special case of the former(υ = 2) . Horvath and Sopov (2016) found that GARCH models with normal distribution underestimate the tail risk and demonstrate that Student's t conditional distributions capture it more accurately. For the EGARCH model, we consider two parametric distributions (N, GED) while for the GARCH and GJR-GARCH we also consider the Student's t. Furthermore, the empirical distribution of the GARCH models parameter estimates will be approximated with a non-parametric kernel fit.
Concluding, we examine whether each estimated model satisfies the non-negativity and weakly stationarity constraints. We consider the validity of two conditions: (i) compliance to the non-negativity and stationarity requirements and (ii) statistical significance of the coefficients at the 10% level. If any of the two conditions is not satisfied, the stock is removed from the subsequent analysis.
Empirical results
We start by running eight (8) alternative GARCH models for each one of the 1440 stocks under examination (totally 1440×8=11520 regressions). For each stock we get eight estimates of ω, α and β and five estimates for γ under the three alternative distributions (normal and GED for the EGARCH specification). The empirical distribution of the GARCH models parameter estimates will be approximated with a non-parametric fit (kernel).
The summary statistics for the coefficients of the models without any restrictions in the conditional variance equation are reported in Table 1 (out of the 1440 GARCH regressions for each model). The average ω is very close to zero for the GARCH (1,1) and the GJR-GARCH models for all distributions. In the EGARCH model, we observe negative ω values for both the normal and the GED. Similar results hold for the median ω. Negative skewness is present only in the EGARCH specification while for all models the kurtosis value is high. The mean and median α s is positive and close to zero with the higher observed estimates for the EGARCH model. Higher standard deviation and kurtosis are reported for the GJR-GARCH and EGARCH specifications when the errors are assumed to be normal. In these cases, we also get the higher skewness values The next step would be to filter the models and examine only those that comply with the two criteria. The summary statistics for the models that satisfy the non-negativity and stationarity constraints in the conditional variance equation are reported in Table 2 . Panel A in Table 2 reports the absolute number and the proportion of estimates that satisfy both conditions for each model.
The significance level for each estimated coefficient is set at the 10%. Out of the total of 11520 regressions, almost half (6465) satisfy the non-negativity (for GARCH and GJR-GARCH) and stationarity constraints (56.12% of all the regressions). The vast majority of GARCH and EGARCH models with GED errors fulfill the two criteria (92.71% and 84.72% respectively). Panel B in Table   2 presents the descriptive analysis of all the regressions that satisfy both conditions. In particular, the distribution of the coefficients of GARCH(1,1) and EGARCH following GED appear to be similar to Table 1 . One note though is that the skewness of γ for GJR-N, EGARCH-N and GED has now the opposite sign. Moreover, the average (absolute) value of γ is higher (compared to Table   1 ) ranging from 0.076 to 0.115. Table 3 presents the proportion of statistically significant coefficients at the 1%, 5% and 10%
significance level for the cases that both conditions are satisfied. On the one side of the spectrum is the GJR-GARCH with the lowest proportion of significant coefficients (starting from 9.5% for α, 26.5% for ω, 29.5% for γ,) and EGARCH on the other with the highest (min 62.91% and the rest considerably higher).
In general, GARCH(1,1) and EGARCH(1,1) with GED errors emerge as the two front-runners.
For the the former ω is significant in 23.97% of the cases, 99.1% for α, 99.63% for β in the models that satisfy both conditions. These number for EGARCH are 98%, 96%, 100% and 81% for ω, α, β and γ respectively. Figure 1 presents the histogram of the EGARCH(1, 1) coefficients estimates against the tdistribution and a non-parametric kernel fit. The left panel depicts the unrestricted coefficients whereas the right the ones that satisfy the two restrictions. We can observe that the estimated coefficients are concentrated around the mean once the two restrictions are taken into account. As far as γ is concerned (the asymmetry coefficient), the second peak of the distribution disappears (see the right panel). In all the cases where the two conditions are met, the distribution appears to be more symmetric. The next step would be to identify whether the stocks that did not satisfy the 6 two conditions stem from specific sectors. 
Conclusions
Although the literature on univariate GARCH models is voluminous, we still do not know much about the expected values of their coefficients. We employ 1440 stocks (all belonging to the S&P 1500) and estimate eight alternative symmetric and asymmetric GARCH models. We examined the summary statistics and statistical significance of the GARCH coefficients (ω, α and β and γ) from 11520 regressions. Additionally, we explored whether the estimated models satisfy jointly two conditions: (i) conditional variance stationarity and (ii) coefficients statistical significance at the 10% level.
We find that EGARCH with GED errors that allow for heavier tails, emerges as the most adequate model to fit the financial returns in the S&P 1500 universe. This specification produces the highest proportion of significant ω, α, β and γ, with the Students' t and normal distributions following in order. The GARCH and EGARCH models with GED errors provide the most statistically significant results. For the former, the average values are ω=0.00, α=0.094, β =0.883 whereas these numbers for the latter are ω=-0.247, α=0.144, β =0.981 and γ =-0.076 (for those models that satisfy both criteria). These could serve as useful intitial values. Under the GJR-GED specification, only 392 out of the 1440 estimated models are acceptable, while the asymmetry coefficient γ was found significant only in 48.47% (81.31%) of the GJR-GED (EGARCH-GED) models.
Finally, we find that lower capitalization firms are more likely to violate the stationarity and statistical significance conditions. Most of the stocks that did not satisfy the two conditions (57%) belong to the S&P 600 Index and are derived from the Technology and the Consumer Services sector. 
